A dministrative claims data are used frequently in health services research and policy to examine patient health status and the quality and cost of care. Comorbid illness has a significant impact on these and other outcomes, and several measures of comorbidity have been developed for use in studies based on administrative claims. [1] [2] [3] [4] [5] [6] [7] [8] Claims-based measures of comorbidity are of particular importance to cancer care researchers, who increasingly use population-based cancer registry data linked with administrative claims (eg, Surveillance, Epidemiology, and End Results ͓SEER͔-Medicare files) to examine such issues as racial or geographic disparities in receipt of recommended treatments or the association between treatment and survival. 9 -12 Adjustment for comorbidity is essential in these observational studies because baseline differences in health status between groups (eg, racial and ethnic groups, those with and without treatment) may modulate differences found in study outcomes.
Health services researchers have a choice of comorbidity measures and must decide how best to apply them to their work. The measures themselves have been developed and used with claims from different places of services (eg, inpatient, outpatient) and time frames in relationship to the disease diagnosis (eg, prediagnosis, during treatment or diagnosis hospitalization). Some measures were developed to predict cost and modify payment systems, [13] [14] [15] others to predict mortality and control for preexisting health status. [1] [2] [3] [4] [5] [6] [7] [8] A few studies have compared the performance of different measures in predicting mortality, generally concluding that measures incorporating more conditions and data sources are better predictors of mortality. Although some investigators have found no advantage to disease-specific indices, several have suggested creating condition-and/or outcome-specific comorbidity indices. Creating study-specific measures may not be possible, however, and investigators often apply measures in a manner at variance from how they were developed. 10,12,16 -18 In this study, we identified 4 administrative claims-based measures of comorbidity that have been used frequently in the health services literature to adjust for baseline health status and compared their performance in predicting 2 outcomes of impor-tance to cancer care researchers-receipt of recommended adjuvant chemotherapy and mortality-among stage III colon cancer patients. We chose to study stage III colon cancer patients for several reasons. First, colon cancer is generally a disease of the elderly, who are more likely to have comorbid illness. Second, a 1990 National Institutes of Health Consensus Panel on Colorectal Cancer recommended routine adjuvant chemotherapy for stage III colon cancer, yet the reported rate of adjuvant chemotherapy use among the elderly is only about 55%. 19 Because comorbidity may contribute to this low treatment rate, identifying the optimal comorbidity measure is important for analyses examining receipt of recommended treatment. Third, colon cancer patients' level of comorbid illness could influence survival both through the influence on receipt of recommended treatment and through the association with noncancer death.
This work compares the performance of a wide variety of comorbidity measures in predicting treatment use and mortality, and examines the influence of using different data sources on measure performance. Because one of our measures was developed specifically for colorectal cancer patients, we were able to compare its performance to that of other measures derived from more generalized populations. We hypothesized that a measure that combines multiple data sources with specificity to colorectal cancer patients would be the best predictor of our study outcomes.
METHODS

Database
This study used data from the National Cancer Institute's SEER cancer registries linked with Medicare claims for persons found in both files. The SEER program abstracts medical records to collect patient demographics, tumor characteristics, stage at diagnosis, and cause of death information for persons with cancer. 
Study Population
From the SEER database, we identified 9894 Medicare beneficiaries ages 66 and older diagnosed with stage III colon cancer (SEER site codes 18.2-18.9, 19.9) between 1992 and 1996. We excluded patients with tumor histology other than adenocarcinoma (n ϭ 105), simultaneous stage IV colorectal cancer identified in SEER records (n ϭ 11), previous colorectal cancer (n ϭ 269), and autopsy-or death certificatebased cancer diagnosis (n ϭ 3). To optimize ascertainment of comorbid conditions, we excluded patients who lacked complete enrollment in both Parts A and B fee-for-service Medicare for 1 year prior to cancer diagnosis (n ϭ 2242). To ensure optimal ascertainment of adjuvant chemotherapy, we excluded patients who were not alive and completely enrolled in both Parts A and B fee-for-service Medicare for 9 months following cancer diagnosis (n ϭ 1331). We excluded patients without an index resection surgery claim within 6 months of colorectal cancer diagnosis (n ϭ 156), as they may not have received definitive treatment. Our final study population included 5777 stage III colon cancer patients. Permission to conduct this study was granted by the University of Washington's Human Subjects Division.
Comorbidity Measures
Measure Description
We compared 4 previously published comorbidity measures developed for use with administrative data. 2, 5, 7, 13, 15 The first is Klabunde's adaptation of the Charlson comorbidity index. The Charlson index 2 consists of 19 comorbid conditions weighted according to the degree to which they predicted mortality among an inpatient cohort, then summed to produce an index score. Klabunde adapted the Charlson index to create disease-specific comorbidity indices-one using the MedPAR claims and one using the Physician/Supplier and Outpatient facility claims. 7 Each was constructed by applying the estimated coefficients derived from a Cox proportional hazards model with two-year noncancer mortality as the outcome to the 14 individual condition indicators and summing the weighted conditions. Klabunde prioritized inpatient diagnoses, constructing the outpatient claims index using only those diagnoses not found in the inpatient claims. The present study applies a set of weights specifically developed for colorectal cancer patients (J. M. Legler, C. N. Klabunde, J. L. Warren, et al, unpublished data, January 2005).
The second comorbidity measure was developed by Elixhauser for use with large administrative databases to predict mortality, hospital charges, and hospital length of stay. 5 Elixhauser used both Diagnosis-Related Groups (DRGs) and secondary ICD-9-CM diagnosis codes from inpatient claims to identify 30 unweighted comorbidity indicators that are entered as separate indicator (dummy) variables in a regression model. Software is available from the Healthcare Cost and Utilization Project to create these measures. 20 This study's third measure, DCGs, was developed originally to predict health care costs for Medicare payment models and has been adapted for risk adjustment purposes. 21 This study implemented version 6.1 of DxCG's Risk Adjustment Software. 22 The DCG models use inpatient and outpatient ICD-9-CM diagnosis codes, aggregating those that are clinically homogeneous into 781 DxGroups, then organizing them into 184 Condition Categories (CCs) that are similar both clinically and in level of resource use. Along with age and sex, hierarchies of Condition Categories are used to predict resource use either in the year concurrent with the diagnoses or in the following year (prospective models). We used the prospective DCG models in this study, as these are most likely to reflect individuals' chronic illness burden.
The fourth measure was adapted from the Adjusted Clinical Group (ACG) System, Version 5.0, a diagnosisbased, case-mix methodology that describes or predicts a population's past or future healthcare use and costs. 15 The ACG System first assigns each patient's inpatient and outpatient diagnosis codes of all types to 1 of 32 Adjusted Diagnostic Groups (ADGs). The ADGs are subdivided into 8 "major" adult ADGs, which have very high expected resource use, and 24 "minor" adult ADGs. A combination of ADGs, age, and gender places individuals with similar morbidity and resource consumption into 1 of 93 discrete ACG categories.
Construction of Comorbidity Variables
This study was intended as an applied comparison of existing comorbidity measures. Thus, we developed comorbidity variables in the manner that they were originally defined, as this most closely replicates their use in published research. We applied 2 exclusions to the development of all of our measures to ensure consistent claims use. We excluded diagnosis codes from clinical laboratory, diagnostic imaging, and durable medical equipment claims in the Part B claims, as the codes associated with these claims may not be assigned by clinicians. To avoid "rule out" diagnoses and prevent overestimation of comorbidity when using Physician/Supplier or Outpatient facility claims, we required diagnosis codes on these claims to be listed in at least 2 different claims occurring more than 30 days apart. In addition, we excluded all diagnosis codes for colorectal and other intestinal cancers to avoid counting the cancer diagnosis as a comorbidity. For the variables describing comorbidity before the cancer diagnosis, we used claims in the 11 months prior to the month before diagnosis to avoid overestimating comorbidity related to the colon cancer diagnosis.
Both the DCG and ACG measures were designed to use a combination of inpatient and outpatient claims from a baseline time period. We used the combined diagnoses from the MedPAR, Physician/Supplier, and Outpatient facility claims to create these variables. The DCG measure used these data to assign individuals to 1 of 25 categories of predicted expenditures in the following year. Because of small numbers of patients in individual categories, we aggregated them into 10 distinct predicted expenditure categories and used them as individual, unweighted dummy variables in our analyses. The ACG System identified individuals with 8 major and 24 minor Adjusted Diagnostic Groups based on expected resource use. Preliminary studies demonstrated a strong relationship between major ADGs and our study outcomes. We counted each individual's number of major ADGs before cancer diagnosis and created 4 unweighted ADG categories that were used as dummy variables in our analyses-0, 1, 2, 3 or more major ADGs.
The Klabunde measure creates 2 mutually exclusive comorbidity indices from the claims before cancer diagnosis, one reflecting inpatient diagnoses and the other outpatient diagnoses not found in inpatient claims. Klabunde found that adding an outpatient index contributed significantly to the prediction of recommended cancer treatment as well as 2-year mortality among breast and prostate cancer patients. The addition of an outpatient index ensures more complete representation of an individual's comorbid conditions, as only 16% of our study patients had inpatient hospitalizations in the baseline period prior to cancer diagnosis. Klabunde created mutually exclusive comorbidity variables because of the redundancy between inpatient and outpatient claims, and prioritized inpatient claims over outpatient claims a priori with the expectation that they would be stronger predictors. We maintained this strategy because we wished to identify the influence of adding claims from different settings and time periods to the prediction of our study outcomes. Building on these 2 indices, we created a third mutually exclusive comorbidity index representing conditions listed during the cancer resection hospitalization and not previously found in the inpatient and outpatient claims prior to the cancer diagnosis.
Elixhauser's set of 30 unweighted condition indicators were originally developed using inpatient data only. We adapted Elixhauser's measure to include diagnoses from outpatient claims data (ie, Physician/Supplier and Outpatient facility files) in a manner similar to that of Klabunde. We created 3 mutually exclusive sets of unweighted condition indicators using prior inpatient claims, prior outpatient claims, and cancer resection inpatient claims.
Outcome Measures
Outcome measures include receipt of adjuvant chemotherapy within 9 months of diagnosis, and death due to noncancer causes within 24 months of diagnosis. Patients who received chemotherapy had at least 1 claim for chemotherapy administration (Current Procedural Terminology codes 96408, 96410, 96412, 96414, 96520, 96530, 96545, 96549; ICD-9-CM codes 99.25, E0781, V58.1; Healthcare Common Procedure Coding System ͓HCPCS͔ codes J0640, J9190, Q0083, Q0084, Q0085). Cause of death was determined from the SEER variable Vital Status by Cause of Death, which uses state death certificates as a primary data source. 23 We emphasized noncancer death as an outcome because in analyses examining cancer care outcomes, comorbidity variables are used to control for the influence that noncancer conditions may have on the study outcomes. Patients classified as having died of cancer or died of unknown causes were excluded from the analyses with noncancer death as the outcome. Though we could find no studies validating colon cancer as the cause of death, a study validating cause of death from SEER data with hospital records for men with prostate cancer found 97% agreement between these 2 sources. 24 The sample for these analyses comprised 4003 stage III colon cancer patients (mortality cohort).
Analyses
We first described the sociodemographic characteristics (age, race, gender, marital status), environmental characteristics (SEER region, census tract-based race/age-specific me-Medical Care • Volume 44, Number 8, August 2006 Measuring Comorbidity with Claims Data dian income, census tract-based race-specific percentage of high school graduates among 25 year and older persons) and vital status of our study population. We then calculated the proportion of the study population with comorbid conditions for each of our comorbidity measures. We used logistic regression to assess the contribution of each comorbidity measure to prediction of chemotherapy receipt and noncancer death, after controlling for a set of baseline variables (age, race, gender, marital status, median income, percentage of high school graduates, and geographic region). We chose to control for these variables because they are commonly used in studies employing administrative data sources, and we wished to measure the performance of comorbidity variables independent of other factors that can influence our study outcomes. Likelihood ratio tests were used to determine whether adding sources of comorbidity data (eg, outpatient and inpatient versus inpatient only) improved the fit of our regression models. We report the Akaike Information Criterion (AIC) and the c-statistic 25 to evaluate the overall goodness of fit of logistic regression models with different comorbidity measures and claims sources. These measures allow descriptive comparison of non-nested models since hypothesis testing is restricted to nested models. The AIC accounts for the number of covariates in the model, a factor of importance for the Elixhauser measure, with 30 individual indicator variables. To assess the variability of the c-statistic, we performed bootstrap resampling with 1000 replications. The 95% confidence interval is percentile-based and uses the 2.5 and 97.5 percentiles of the distribution of the bootstrapped c-statistics. 26 This procedure does not guarantee that the observed statistic is inside the confidence interval. The percentile-based confidence interval can be biased and may be affected by the limited range of the c-statistics (0.50 to 1.00). It is given only to characterize the amount of variability in this measure.
RESULTS
Among the 5777 stage III colon cancer patients and the subset of 4003 individuals in the mortality cohort, nearly 3 quarters were 80 year olds or younger, more than 80% were white, and about half were married (Table 1) . About 70% of the study population lived in census tracts in which over 3 quarters of the population had graduated from high school. Within 2 years, 39% of the overall study population had died. Figure 1 displays the proportion of the study population with at least 1 comorbid condition using the 4 comorbidity measures and demonstrates how adding claims sources increases the identification of individuals as having comorbid disease. Using only prior inpatient claims, less than 20% of individuals were identified as having comorbid conditions in the Elixhauser and Klabunde measures. This proportion at least doubled when diagnoses from prior outpatient claims were added, and increased substantially again with the addition of cancer resection inpatient claims. Even using only prior inpatient and outpatient claims, the DCG measure identifies a large proportion of individuals as having comorbidity, since it includes all diagnosis codes. Overall, the Klabunde and major ADG measures identified fewer individuals with comorbidity, as they used fewer ICD-9-CM diagnoses.
In Table 2 , we report frequencies for the 4 comorbidity measures and the degree to which these measures predict study outcomes. We report only those Elixhauser conditions significantly associated with at least one of our study outcomes. (A complete regression model is available from the authors upon request.) In general, individuals with comorbidity are less likely to receive chemotherapy, and more likely to die of a condition other than cancer within 2 years. A notable exception is that a prior diagnosis of hypertension in the Elixhauser measure increases rather than decreases an individual's likelihood of receiving chemotherapy. Figure 2 reports the change in deviance (Ϫ2 log likelihood) from the baseline model to illustrate the improvement in goodness of fit as additional claims sources for identifying comorbidity are added. For both comorbidity measures, the addition of comorbid diagnoses from the prior inpatient claims to the baseline model significantly improves the fit of the regression models for both receipt of chemotherapy and noncancer death. However, the addition of comorbidity diagnoses from prior outpatient claims significantly improves the fit of both regression models only for noncancer death. For receipt of chemotherapy, the addition of prior outpatient claims diagnoses significantly improves model fit for the Elixhauser measure only. Addition of diagnoses from the cancer resection hospitalization improves the fit of the receipt of chemotherapy and noncancer death models for both measures.
To compare the 4 comorbidity measures, we used a standard model, including previous inpatient and previous outpatient claims. All 4 measures significantly improved the fit of the regression model beyond the baseline model as measured by a statistically significant change in the likelihood ratio (not shown). Figure 3 presents the c-statistics and AICs for the models examining receipt of chemotherapy and noncancer death as outcomes. The c-statistic suggests that the Elixhauser measure produces the best fitting model for both study outcomes. However, the AIC measure, which penalizes the model by the number of covariates used, shows the Elixhauser model has a poorer fit, making it difficult to conclude that any 1 model outperforms the others for either outcome. The small increase in c-statistic after adjusting for each of the 4 comorbidity measures suggests that comorbidity has a relatively minor influence on chemotherapy receipt after controlling for other sociodemographic and environmental variables.
We conducted several subanalyses to test the robustness of our study findings (not shown). First, because questions have been raised about the validity of the cause of death variable, we examined all-cause death as an outcome using the overall study sample. We found that, as for noncancer death, there was a significant association between each of the comorbidity measures and all-cause death, although the measures were more powerful predictors of noncancer death (ie, odds ratios farther from one) than all-cause death. Second, to ensure that our results were generalizable to a broader patient population, we included stage I-III colon cancer patients rather than only stage III colon cancer cases in the regression model using noncancer death as the outcome and obtained similar results. Each of the measures significantly improved the fit of both models. Third, to explore the degree to which the high performance of the Elixhauser measure was related to its use of a large number of individual indicator variables, we aggregated the individual Elixhauser condition indicators into a variable that counted the number of conditions. We divided them into 4 groups-0, 1, 2, 3 or more-and created indicator variables for each group. The c-statistics for the regression model using this Elixhauser condition count (final c-statistic 0.710 for noncancer death outcome; 0.775 for receipt of chemotherapy outcome) were lower than both those using the individual Elixhauser conditions (c-statistic 0.755, 0.788 respectively) and those using the Klabunde measure (c-statistic 0.731, 0.776, respectively).
DISCUSSION
Health services researchers using administrative claims data are faced with several methods and data sources for comorbidity adjustment and are often uncertain about which to choose. This study compared 4 comorbidity measures derived from outpatient and inpatient Medicare claims data and found that all were significant predictors of 2 very different outcomes-receipt of chemotherapy and noncancer death-in stage III colon cancer patients. Each measure significantly improved the fit of regression models, as measured by the change in log likelihood beyond a baseline model that included demographic and environmental variables. The contribution of comorbidity to the models predicting chemotherapy receipt was more minor, however, consistent with prior literature. 7 No single comorbidity measure consistently outperformed the others in our regression models. Measures performing best using 1 criterion did not necessarily do so with another. Therefore, investigators may wish to consider practical considerations in their measure choices. Overall, the Elixhauser measure demonstrated the greatest change in Ϫ2 log likelihood when adding different claim types to the model and the highest c-statistic when comparing the 4 measures. This is consistent with other studies comparing the perfor- Medical Care • Volume 44, Number 8, August 2006 Measuring Comorbidity with Claims Data mance of the Charlson and Elixhauser measures. 27, 28 When we aggregated the Elixhauser measure into a count of the number of conditions, its performance deteriorated substantially, suggesting that both the large number of conditions and their use as individual indicators contribute to its enhanced performance. If data from several mutually ex-clusive sources (eg, inpatient claims, outpatient claims) are included in a regression model, this 30-item comorbidity measure can quickly multiply to 60 or 90 individual variables and is only practical with a large administrative database. If these requirements are met, however, the Elixhauser measure has the advantage of being able to demonstrate an association between individual medical conditions and the study outcomes. In our study, for example, we identified the association between hypertension and an increased likelihood of chemotherapy receipt and a decreased likelihood of death, perhaps because it is a more minor health condition that ensures an ongoing relationship with a health provider or because hypertension was more likely to be coded among healthier patients without multiple, more severe diagnoses. Our finding is consistent with the results of 2 other studies that demonstrated lower in-hospital mortality rates among patients with hypertension. 5, 28 The contribution of the different claim types varied by study outcome and comorbidity measure. When examining noncancer death, both the Elixhauser and Klabunde measures benefited from including prior outpatient, prior inpatient, and resection hospitalization claims data. For the Klabunde measure, the prior outpatient claims contributed to the model more significantly than the resection hospitaliza- Given the relatively equivalent performance of the comorbidity measures, investigators may wish to base their selection on theoretical and statistical considerations. For example, the Klabunde measure has been developed for use in studies of treatment and mortality in cancer patients, and different condition weights have been calculated for patients with different types of cancers. 7 Klabunde's measure also sums estimated coefficients from multivariate Cox models, resulting in a scale that is consistent with the Cox proportional hazards and logistic regression models in which it is frequently applied. The ACGs and DCGs were initially developed to predict health care costs, making these measures preferable in models using cost as an outcome. Subsequent studies have demonstrated the utility of the DCGs in predicting mortality as well. 21 This study is limited by its use of a narrow population group, stage III colon cancer patients who lived for at least 9 months after cancer diagnosis, and 2 relatively short-term outcome measures. Results may not be generalizable to other population groups or outcome measures, although our analysis demonstrating similar findings among stage I-III colon cancer patients is encouraging. There are limitations to the study's data source as well. Claims databases generally are constructed for administrative rather than research purposes, and the accuracy of the ICD-9-CM codes used to identify comorbidities in these databases may be variable. Moreover, comorbid conditions have been shown to be underascertained in claims when compared with the medical record as data sources. 29 In addition, there may be some misclassification of acute complications as comorbid conditions (eg, electrolyte disorders), especially among inpatient admissions, resulting in overascertainment of conditions unrelated to the cancer diagnosis. Despite these limitations, this analysis of the performance of 4 comorbidity measures in predicting chemotherapy receipt and noncancer mortality among stage III colon cancer patients adds to a growing literature evaluating the utility of comorbidity measures in predicting a variety of outcomes among different patient populations. While there are minor advantages of some measures over others, and of adding claims of different types and from different time periods, each of the measures is fairly robust in its ability to predict this study's outcomes. Thus, investigators can choose from among these comorbidity measures based on data availability and their study objectives, as well as access to and comfort with the methodology.
